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For information regarding this article, E-mail: katherine.courtright@uphs. upenn.edu which offer the large sample sizes needed to show statistically and clinically meaningful differences in mortality (7, 8) and are commonly used for hospital performance measurement and reporting (9, 10) .
Elias et al (11) recently developed the Acute Organ Failure Score (AOFS) for predicting ICU mortality using exclusively administrative data. This methodology incorporates acute organ failures identified by a combination of International Classification of Diseases, 9th revision, Clinical Modification (ICD-9-CM) codes (12) , in addition to patient demographics and comorbidities according to the Charlson comorbidity index (CCI). The AOFS showed good performance characteristics in derivation and validation cohorts from separate hospitals. However, the model was developed using a data registry that contained temporal details of diagnosis codes and processes of care that are often absent from standard, widely used administrative databases, thus limiting its generalizability. Furthermore, the AOFS was developed and validated in cohorts unique to a single, local health system. External validation in a distinct and broadly representative population from a common data source is essential to demonstrate true utility of a prediction model (13) . Finally, among the several commonly used claims-based comorbidity measures, the CCI is the least comprehensive and may have disadvantaged the potential discrimination of the AOFS (14) (15) (16) .
In this study, we sought to expand the generalizability of the AOFS for use in standard claims data via three mechanisms: modification of model covariates to accommodate standard administrative data; use of historical comorbidity claims and more granular comorbidity summary measures to enhance predictive accuracy; and inclusion of a diverse critically ill population to improve external validity.
MATERIALS AND METHODS

Patients and Data Sources
We performed a retrospective cohort study using the Centers for Medicare and Medicaid Services (CMS) Medicare Provider Analysis and Review (MedPAR) files (17) , an administrative dataset containing hospital discharge data for Medicare beneficiaries. We linked the Medicare Beneficiary Summary and Carrier files to ascertain date of death and outpatient providerbased claims, respectively.
We included all beneficiaries 18 years old or older who had an ICU stay more than or equal to 1 day (defined by the presence of an ICU revenue center code, excluding intermediate or psychiatry ICUs) (18) in an acute care hospital in Pennsylvania between January 1, 2009, and December 1, 2009. We considered multiple hospitalizations for the same patient to be a single episode if the second admission date occurred within one calendar day of the first hospital discharge date (19) .
The Pennsylvania Health Care Cost Containment Council (PHC4) is a nonprofit government agency that reports outcomes data on all patients discharged from nonfederal hospitals in Pennsylvania. The year 2009 was the final year in which PHC4 used a physiology-based risk adjustment method, thus enabling linkage of MedPAR data with PHC4 inpatient discharge data to obtain the predicted probability of in-hospital death according to the MediQual score (9) .
The AOFS ICU Risk Adjustment Methodology
Details of the AOFS risk adjustment methodology are provided elsewhere (11) . Briefly, the AOFS was developed and validated using a registry of 92,886 patients who received critical care at two urban hospitals. Eligible patients were identified by the presence of current procedural terminology (CPT) code 99291 for provision of critical care services. The final model included age, diagnostic-related group classification (20) , race, the CCI (21), an indicator for sepsis (12) , and six types of acute organ failure (respiratory, renal, hepatic, hematologic, metabolic, or neurologic) (11, 12) . ICD-9-CM codes indicating acute organ failure were included if assigned within the 2 days before or after the earliest CPT code 99291. Multivariate logistic regression was performed, and an integer risk score was calculated based on a linear transformation of the corresponding β regression coefficient. The final risk score had a C-statistic of 0.736.
Modification of Variables and Definitions
Variables were defined according to the AOFS methodology (11) with several exceptions. ICU admission was determined by the MedPAR "ICU indicator code" variable that is based on revenue center codes and denotes admission to an ICU instead of the less specific CPT code, which indicates the provision of critical care services regardless of service location. Because the timing of ICU admission during the hospitalization is unavailable in MedPAR data, we had to modify the time qualifier for acute diagnoses such that we included sepsis and the six acute organ failures only if the associated ICD-9-CM codes were designated as present on hospital admission (POA). This conservative approach avoided counting diagnoses that may have occurred during or after the ICU stay. Likewise, the primary outcome for this study was all-cause 30-day hospital mortality, that is, death within 30 days of hospital admission rather than ICU admission.
For all comorbidity measures, diagnoses were included only if designated as POA for a given hospital episode. In addition to the CCI used in the original AOFS, we also calculated a COmorbidity Point Score 2 (COPS2) and an Elixhauser index (22) . COPS2 is a weighted continuous comorbidity score developed at Kaiser Permanente for inpatient mortality risk adjustment (23) . We used the diagnostic coding schema by Quan et al (14) to determine the Elixhauser index.
We compared the performance of the modified AOFS to the MediQual score, a physiology-based mortality risk adjustment model used commonly for hospital performance comparisons (2, 9) . The MediQual probability of in-hospital death is calculated by a proprietary algorithm using data available in the initial 24 hours of hospitalization, including diagnosis and procedure codes, age, gender, and clinical laboratory data (2, 24, 25) . MediQual scores were calculated on patients discharged from a Pennsylvania hospital in 2009 with at least one of 35 conditions (26) and were unavailable if patient data were missing.
Analysis
We generated four models to predict 30-day mortality using split validation with a random 80% of admissions for derivation and the remaining 20% for validation. We first replicated the original AOFS model using β coefficients derived from the original derivation cohort (11) . Based on a calibration-in-thelarge less than 0 indicating systematic miscalibration and a calibration slope less than 1 indicating overfitting of the model in the validation cohort, we then re-estimated the β coefficients (slope) and α (intercept) using logistic regression in our derivation cohort (27) . For the other two models, we used the modified AOFS model and substituted the CCI with either the COPS2 score or the Elixhauser index.
The logit for the original AOFS model was calculated by summing the model intercept (-2.76107; K. B. Christopher, MD, written communication, May 2015) and β coefficients (11) multiplied by this study cohort's covariates. The expected probability of death within 30 days of hospital admission was calculated as the reciprocal of 1 + e - (logit) . For all other models, the primary outcome of 30-day hospital mortality was analyzed using multivariable logistic regression. We used the predicted probabilities for all model assessments instead of transforming them into a weighted integer risk score as described by Elias et al (11) . The relative weight of each covariate in the model may vary depending on the population under study, thus limiting generalizability of such a score. Furthermore, a pointbased transformation is not feasible with a continuous variable (COPS2) or 31 binary variables (Elixhauser) .
The unit of analysis was the hospital episode for all primary analyses. We assumed that repeated hospitalizations by an individual patient were independent because point estimates are known to be insensitive to misspecification of the random effects distribution (28) , and our intent was to obtain the point estimates of probability of mortality for a given hospitalization. However, to explore the effect of multiple admissions, we conducted a sensitivity analysis restricted to index admissions. In additional sensitivity analyses, we included a 1-year look back (days 1-365 preceding hospitalization) of inpatient POA and outpatient provider-based diagnostic claims for each of the three comorbidity measures. Including additional comorbidity, data sources have been shown to improve explanatory power in-hospital mortality prediction models (29, 30) . Because some patients, such as Medicare Advantage members, do not have provider claims filed with Medicare, look back analyses excluded admissions without associated providerbased inpatient claims in the Carrier file, assuming that their outpatient data would be similarly incomplete.
We measured model discrimination using the area under the receiver operating characteristic curve (C-statistic) with 95% CIs for each model (31) . We assessed model calibration with the Hosmer-Lemeshow (H-L) chi-square goodness-of-fit test statistic (32) and visually with a calibration plot. Given the H-L test is sensitive to larger sample sizes, we also assessed random subsamples (n = 1,000) from each cohort (33) . We additionally plotted observed versus expected mortality rates after the latter was used to group patients in 10% risk intervals. Within each risk stratum, the expected mortality rate was deemed significantly different from the observed rate if it was outside of the 95% CI of the observed mortality rate calculated using exact methods (34) . Finally, in a subset of patients not included in the derivation cohort and for whom a MediQual score was available, we compared the areas under the curve between the MediQual score and each model using a chi-square test.
We considered two-tailed p values below 0.05 statistically significant. All analyses were performed using STATA v14.0 (StataCorp, College Station, TX). Approval to conduct this study with a waiver of the requirement for informed consent was granted by the University of Pennsylvania Institutional Review Board (Protocol number: 816394).
RESULTS
During the study period, 90,733 hospital episodes among 77,040 unique patients at 151 hospitals met our inclusion criteria ( Table 1) . There were no differences in patient characteristics between the derivation (n = 72,586) and validation cohorts (n = 18,147) (Supplemental Table 1 , Supplemental Digital Content 1, http://links.lww.com/CCM/C790). Compared with the original study cohort, our cohort had greater proportions of older, female, and white patients with fewer documented comorbidities and acute organ failures. Our cohort also had a shorter mean length of stay (9.9 vs 12 d; p < 0.001) and higher 30-day mortality (17.6% vs 12.6%; p < 0.001). Table 2 presents the discrimination for each model in the validation cohort. The original AOFS model discriminated poorly between 30-day survival and death among Medicare patients (C-statistic, 0.644; 95% CI, 0.639-0.649). This model was also poorly calibrated to expected mortality rates (H-L χ 2 , 610.2; p < 0.001) in all but one risk decile (Supplemental Fig. 1 , Supplemental Digital Content 1, http://links.lww.com/ CCM/C790) and overestimated observed mortality in all but the two most extreme risk strata (Fig. 1A) .
The β coefficients for each modified AOFS model can be found in the supplemental data (Supplemental Tables 2-4 Table 5 , Supplemental Digital Content 1, http://links.lww.com/CCM/C790). Predicted mortality rates differed significantly from observed rates in three risk deciles (Supplemental Fig. 2 , Supplemental Digital Content 1, http:// links.lww.com/CCM/C790) and overestimated risk in the 70-80% risk stratum (Fig. 1B) .
Discrimination of the modified AOFS further improved when comorbidity was expressed using either COPS2 Supplemental Table 5 , Supplemental Digital Content 1, http:// links.lww.com/CCM/C790). Predicted mortality rates from the modified AOFS with either COPS2 or Elixhauser differed from observed mortality rates in only two risk deciles (Supplemental Fig. 1 , Supplemental Digital Content 1, http://links.lww.com/ CCM/C790) and overestimated risk in the 40-50% and 70-80% risk strata (Fig. 1, C and D) .
Including a 1-year look back of diagnoses from hospital and outpatient provider claims data increased the number of comorbidities identified, but did not improve the accuracy of the modified AOFS regardless of which comorbidity measure was used (Table 3) . Likewise, restricting to patient's index admission did not alter performance of the modified AOFS (C-statistic, 0.723; 95% CI, 0.712-0.733).
In the validation cohort, 15,975 (88.0%) admissions had an associated MediQual score, which had better discriminative ability than all AOFS models (0.771; 95% CI, 0.762-0.781; p for all pairwise comparisons was < 0.001). However, calibration of the MediQual score was very poor (H-L statistic, 2,537.1; p < 0.001), and predicted mortality rates were significantly different than observed in eight of 10 risk strata (Supplemental Fig. 2 , Supplemental Digital Content 1, http://links.lww.com/ CCM/C790).
DISCUSSION
In this study, we adapted the claims-based AOFS mortality risk adjustment tool for use in a standard administrative dataset. The modified AOFS had good discrimination and calibration among an ICU population distinct from the original study cohort. The accuracy of the modified AOFS was modestly improved with a more granular comorbidity measure, but not by including additional historical comorbidity data. Finally, the modified AOFS predicted 30-day mortality among ICU patients more reliably across the spectra of risk than the MediQual physiology-based risk adjustment method. Risk-adjusted mortality is a common metric for hospital comparison in an era focused intensely on healthcare quality. Thus, accurate and reliable risk adjust methods are essential, as is a sample size sufficiently large enough to detect mortality differences. For what it lacks in clinical detail, administrative data offer researchers a large and diverse sample of individuals often followed over a prolonged period of time. The original AOFS is a novel claims-based risk adjustment model, but its use was limited to data that specified exact timing of processes of care and diagnoses during a hospitalization, which are frequently missing from or inaccurate in standard administrative data. This study successfully adapted the AOFS for use in Medicare's inpatient records file, one of the most widely used administrative databases for research and benchmarking purposes.
We took a deliberately conservative approach in adapting the AOFS for the variables available in standard administrative data. For example, we used hospital admission date to define the temporal context for the primary outcome, whereas the development of the original AOFS focused on the ICU admission date. The difference in 30-day ICU mortality in the cohort used for development of the original AOFS, and this study cohort's 30-day hospital mortality may have contributed to the Within each risk strata, expected mortality rates were deemed significantly different from observed rates if they were outside of the 95% CI of the observed mortality rate that was calculated using exact methods (33).
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We therefore recalibrated the model to predict 30-day hospital mortality outcome, one of the most common metrics to compare hospital performance (10) . We also included only acute diagnoses designated as POA in the risk prediction model to ensure that they preceded ICU admission. However, this approach likely resulted in an underestimate of the frequency of sepsis and acute organ failure. Given the relatively high impact of these diagnoses on mortality risk as shown by the standardized point score from the original AOFS (11) , this may have diminished the discriminative ability of the modified AOFS. Likewise, comorbidities may have been underestimated in this cohort of Medicare beneficiaries from calendar year 2009. Only 3 months prior, CMS began providing reimbursement reductions for several hospital-acquired conditions, including several infections often associated with sepsis (36) , which is insufficient time to reflect improvement in documentation and coding practices. Despite these issues, the modified AOFS maintained good discrimination and calibration.
We demonstrated only modest improvements in the discrimination of the modified AOFS with use of more comprehensive comorbidity metrics. This approach was based on existing evidence that the Elixhauser index is superior at predicting hospital mortality among a general adult inpatient population (16) . The COPS2 model, a key component of the highly predictive Kaiser Permanente hospital mortality risk adjustment method (23, 37) , is more comprehensive still. This study does not assess if the incremental improvement in C-statistic between the models translates to a meaningful difference for purposes of outcomes research or clinical decision making. Importantly, CCI, COPS2, and the Elixhauser index can all be calculated using freely available resources (14, 23) , thus maintaining the usability and generalizability of the modified AOFS regardless of which metric is chosen.
We attempted to further improve upon the performance of the modified AOFS by supplementing inpatient POA comorbidities with those captured from outpatient claims. When used in isolation, the prognostic ability of standard comorbidity indices appears to benefit from inclusion of a variety of data sources (16) . However, adding historical data did not improve our model performance despite a measurable increase in the capture of comorbidities among our population. This finding may be explained, in part, by the fact that when combined with acute physiologic components, chronic conditions have relatively less influence on predictive accuracy of risk adjustment models among critically ill patients (11, 38, 39) .
In the original study, the AOFS and Acute Physiology and Chronic Health Evaluation II score performed comparably for predicting 30-day ICU mortality (11) . In this study's cohort, the MediQual score was better at discriminating among patients who survived versus died than the modified AOFS. This finding is consistent with multiple prior studies demonstrating that physiologic data improves discrimination of predictive models (23, 38, 40, 41) . However, the modified AOFS resulted in better calibration-that is, agreement between observed and expected risk predictions-than the MediQual score. The proprietary nature of the MediQual score limits our ability to explore potential mechanisms for this difference. Regardless, good model calibration is plausibly more important than discrimination for purposes of mortality predictions, which inform shared decision making and accurate risk adjustment in clinical practice and observational research, respectively. This study has several important potential limitations. This cohort comprised Medicare patients in Pennsylvania only, which may limit the model's generalizability to younger populations or those in countries with different ICU admission practices and mortality rates as compared to the United States (42) . Although current critical care delivery and coding practices may have changed over the past decade (43), we were reassured of the robustness of the model to potential temporal trends given that the performance of our modified AOFS model was the same or better as that found in the original AOFS study that used data spanning 2 decades. However, future efforts should include an assessment of the modified AOFS in a more contemporary ICU cohort and using updated coding schema. Although widely used, the C-statistic is insensitive to model fit and does not have a directly clinically relevant interpretation (44), thus we included multiple calibration metrics in our analysis. Finally, our modification to use only POA acute organ failure diagnoses likely resulted in missed relevant cases of sepsis and acute organ failures, which may have reduced the model's performance in this cohort.
CONCLUSIONS
This study successfully adapted the AOFS for use in a commonly used administrative database, and modestly improved model performance by using a more granular comorbidity metric. Although inferior to predictive models containing detailed physiologic data, the modified AOFS provides a claims-based risk adjustment method to facilitate the study of important population-level questions about the delivery and quality of critical care.
